Abstract. High resolution field spectroradiometers are important for spectral analysis and mobile inspection of vegetation disease. The biggest challenges in using this technology for automated vegetation disease detection are in spectral signatures pre-processing, band selection and generating reflectance indices to improve the ability of hyperspectral data for early detection of disease. In this paper, new indices for oil palm Ganoderma disease detection were generated using band ratio and different band combination techniques. Unsupervised clustering method was used to cluster the values of each class resultant from each index. The wellness of band combinations was assessed by using Optimum Index Factor (OIF) while cluster validation was executed using Average Silhouette Width (ASW). 11 modified reflectance indices were generated in this study and the indices were ranked according to the values of their ASW. These modified indices were also compared to several existing and new indices. The results showed that the combination of spectral values at 610.5nm and 738nm was the best for clustering the three classes of infection levels in the determination of the best spectral index for early detection of Ganoderma disease.
assessment of Balsam Fir vigor using two bands [12] . These two bands were selected from spectral range of 350nm to 2500nm. In another research, hyperspectral remote sensing data were used to develop several indices that are capable to discriminate Mediterranean vegetation species [13] . Spectral ratioing techniques based on known spectral indicators such as derivatives and their characteristics such as peaks and valleys in the derivatives of reflectance spectra were used. The results showed that derivatives give better discrimination between the Mediterranean vegetation species.
In this research, the general objective is to evaluate the feasibility of hyperspectral remote sensing in detecting Ganoderma disease in oil palms by discriminating different classes of oil palm healthiness levels. To achieve this objective, investigations involving the determination of the best band selections and development of modified indices will be conducted.
METHODOLOGY

Data acquisition and pre-processing
The hyperspectral data used were in spectral reflectance. This data were taken from three classes of oil palm healthiness levels that comprised of non infected oil palm trees (T1), mild symptom of Ganoderma infection (T2) and severe symptom of Ganoderma infection (T3). For each class, there were 30 samples and 6 reflectance spectra readings were taken from each sample. The 6 readings were averaged and represent one reflectance spectra data for one sample representing each class. The reflectance spectra data were measured in a nursery in Malaysian Palm Oil Board (MPOB) Bangi, Malaysia (2°54'24.30'' N 101°47'18.36''E) in November 2007 as in Fig.1 .
The data were measured using APOGEE hand-held spectroradiometer with spectral resolution 0.5nm and spectral range of 300 -1000nm. The sampling was done on leaf level scale under clear weather and sunny day when the illumination was stable. The samples were taken by reducing the bare soil effect by covering the soil around the oil palm trees samples with black cloth. The overall methodology conducted in this research can be presented by the flowchart as shown in Fig. 2 . The reflectance data were denoised using wavelet transform with the use of Symlet 8, universal threshold, and five levels of decomposition with single level noise estimate. Soft thresholding was used in the denoising procedure. All the parameters for denoising were in accordance with [19] . Data denoising is crucial because noise can hamper the results [5] . The advantage of using wavelet denoising technique is that they are locally variable and therefore can detect high frequency noise of variable intensity very effectively [4] . The denoising procedure was implemented in MATLAB 7.5 software. Figure 3 shows the reflectance spectra data of T1, T2 and T3 after denoising. The graphs consist of the minimum, maximum and average values of reflectance spectra of the three classes. The dashed lines represent the minimum and maximum reflectance spectra of each class while the solid lines represent the average reflectance spectra of the classes. The green line represents T1, blue line represents T2 and red line represents T3. Fig. 3 shows that there are overlaps between the reflectance spectra of the three classes. Thus, visual interpretation by naked eye on the reflectance spectra difference between the classes is not suitable. Statistical analysis is preferable when dealing with this problem. Comparative statistical analysis such as Mann-Whitney U Test would be suitable for this purpose.
Data processing
Hyperspectral data measure reflectance spectra from features in high resolution of wavelength up to 0.5nm. But hyperspectral data often give too much information and in reality, only several significant wavelengths are needed to show different reflectance spectra information. The extraction of the significant wavelengths will normally involve processes such as feature extraction, feature selection and pattern recognition [20] . Comparative statistical analysis such as Mann Whitney U Test can be used to select the significant and insignificant bands for vegetation indices development.
Band selection
The denoised data using wavelet technique were then analyzed to find the best wavelengths that can describe the difference between the three classes. In this research, band selection method was applied to the reflectance spectra of the three classes using Mann-Whitney U Test with significance level 0.05. This band selection method was proposed by [4, 21] . MannWhitney U Test compares two group or sets of data when there is no significant difference in the probability distribution among them. The advantage of this method is that it can be used for small set sample size and does not require normality assumption. Null hypothesis of the test is that there is no difference in the mean of the populations from which the two sample groups were taken (the populations are identical) and alternative hypothesis is that there is a difference in the mean of two populations (the populations are not identical) [18] .
Using this method, the difference between reflectance spectra was investigated by pairing the classes a pair at a time. In this case, there are three possible pairs that were analyzed using Mann-Whitney U Test which were T1 versus T2, T1 versus T3 and T2 versus T3. The results are P values for each pair where the P values show the values of significance of difference for each wavelength. The significant wavelengths are wavelengths that have P values lower than 0.05. The class pairs were then summarized in a histogram. The histogram was calculated by counting the number of significant bands at each wavelength for all class pairs. The histograms indicate the frequency of significant wavelengths and which wavelengths are relatively more important for discriminating all classes.
Then, high frequencies of significant difference from the histogram were chosen as the best ranges of wavelengths that have the ability to separate the three classes. The results from frequency plot were also used to select the ranges of significant and insignificant bands. The method used in identifying the significant and insignificant bands is proposed by [7] . Then the significant bands were utilized for developing modified indices for the Ganoderma disease detection in oil palm trees.
Index development
The significant and insignificant bands were then used to create indices that can best describe the three classes. In this research, the focus is on developing vegetation indices for detecting Ganoderma disease. The goal in creating and modifying existing vegetation indices is to reduce the multiple or hyper bands of data to a single data number in predicting information about the features of interest; for example, biomass, Leaf Area Index (LAI) or vegetation cover. Vegetation indices are useful to extract information from remotely sensed data and many of the indices give redundant information about features and must be analyzed carefully and systematically.
Generally, vegetation indices input consist of reflectance or any other transformed data of reflectance from green, near infrared and infrared electromagnetic spectrum. Healthy green vegetation has high absorption in the visible region except in green band while in the infrared region the reflectance is high. Most vegetation indices are based on the fact that there is a significant difference in the shape of the green vegetation, senescent vegetation and soil curve or spectral signatures. One of the most successful existing vegetation index developed is Normalized Difference Vegetation Index (NDVI). NDVI was transformed into Transformed Vegetation Index (TVI) and then modified into another version of TVI to eliminate negative values resulted by TVI [22] . These two existing vegetation indices give high values of output when there are high amount of photosynthesis activities available in vegetations.
In this paper, vegetation indices that are related to bare soil information or atmospheric information were ignored because the data collected have minimum source of soil and atmospheric disturbance as the data were taken on ground level. Furthermore, one of the techniques for vegetation indices development is band ratioing. Band ratioing is a data transformation method where the main objective is to minimize the effects of environmental conditions that come from topographic slope and aspect, shadow and changing of illumination angle and intensity [16] .
Band combination of the significant bands were implemented based on the work done by [12] that ratioed the reflectance spectra values of 711nm and 913nm to produce an index for Balsam Fir vigor. Wavelengths that have the most significant difference is equal to the bands that have the lowest P values while wavelengths that have insignificant difference are the bands that have the highest P values [12] . Additionally, reflectance based indices were also generated by using the lowest and highest P values wavelength throughout the whole spectrum (460nm to 959nm).
Ratio of spectral bands needs us to identify the band combinations that are the most effective, accurate and economical in separating each class from all others. Separability indices known as divergence and J-M distance were proposed which select a set of features for which the maximum separability between any pair of classes is the largest [23] . Both methods require complex computation and high effort in analysis. But a more simple method known as OIF has been proposed by [24] that attempts to search for maximum information content from each possible band combinations.
Thus, OIF was used in this study to find the best combination of a pair of bands that can be ratioed to produce modified indices suitable for Ganoderma disease in oil palm trees detection. Optimum Index Factor (OIF) developed by [24] can be used to rank the utility of various combinations of band ratio. In OIF, the lower the correlation between the bands, the greater the information of the band ratio output with each band has their own unique information. The OIF is defined as:
Where; s k = Standard deviation of band k. r s = Absolute value of correlation coefficient.
Large OIF values indicate that the band combinations have the most information as measured by variance [22] . Different band combinations were also used to modify the available vegetation related indices to see whether these best wavelengths can improve the separability between the three classes of oil palm healthiness. Indices used in this study were Normalized Difference Vegetation Index (NDVI), Infrared Percentage Vegetation Index (IPVI) and Transformed Vegetation Index (TVI). After the new indices were generated, the indices values were then analyzed to examine their capability in separating the three classes. The indices were analyzed using K means clustering, which is a method to partition remote sensing data.
Clustering
This method partitions the available data into K mutually exclusive clusters and returns the index values for the cluster to which it has been assigned in each observation. K means treat each observation in the data as an object that has a position in feature space. K means operate by finding partition for each data in a cluster and the data must be as close to each other and far from objects in other clusters as possible. Each cluster in the partition is distinct by its associated objects and by its centroid or center. Centroid is the point where the sum of distances from all objects data in a cluster is minimized [25] .
K means compute different cluster centroid for each distance measure iterations to get the minimum of distances sums with respect to the earlier distance measurement. In other words, K means use iterative algorithm that minimizes the sum of distance from each data to its cluster centroid. The final results are clusters that are well separated. In K means the user can control the initial centroid positions and the maximum iteration number [25] . To analyze how well the clusters were separated after K means clustering was executed, silhouette plots were used.
Cluster validation
The silhouette plot displays a measure of how close each point in one cluster to points in the neighboring clusters. The silhouette width sw i in Equation 2 has a range from -1 to 1, with the value +1 defines that data points are very distant from neighboring clusters. 0 values indicate that the data points are not particularly in one cluster or another. While value of -1 shows that the data points are probably assigned in a wrong cluster [26] . If the results give a large silhouette width this means that the observations are well clustered. But silhouette with small values mean that they are scattered between clusters. Silhouette plot is useful in estimating number of group and analyze the wellness of cluster output. For example, we were given an observation as i, we then denote the average dissimilarity to all other points in its own cluster as a, for any other cluster assigned as c, we let d(i,c) represents the average dissimilarity of i to all objects in cluster c and finally we let b, to denote the minimum of these average dissimilarities d(i,c). The silhouette width for the i-th observation is:
The ASW can be calculated by averaging sw i over all observations
For simple explanation, a i is the average distance from observation i to all members of the cluster where i has been assigned to, and b i is the average distance of observation i to all members of the nearest opposing clusters. In this method, the ASW was used to estimate the best indices. ASW was selected because it is the most popular method for cluster validation and is not restricted to a particular partitioning algorithm [26, 27] . ASW greater than 0.5 indicates a reasonable partition of data and values less than 0.2 would indicate that the data did not cluster perfectly well. Advantage of silhouette plot is that this plot can display visually the values of silhouette width for each cluster, then rank them in decreasing order and enable us to assess the cluster structure [27] .
The silhouette plot interpretation can be better understood by looking at the two examples given in Fig. 4 and Fig. 5 . This example is based on work proposed by [28] . The first example is shown in Fig.4 while the second example is shown in Fig.5 . Fig. 4 . Silhouettes of an example where eight points are divided over two very tight clusters, for k = 2 as mentioned in [28] . Figure 4 shows the example when the ASW is equal to one with two clusters in the plot. Each bar in Fig. 4 represents the silhouette values for each data point in cluster 1 and 2. From the plot, k represents the number of cluster. When k = 2 the clustering algorithm has discovered a very strong clustering structure. In different case, the silhouette width is not usually equal to 1. The silhouette width depends on the similarities measures of the clustering algorithm. Fig. 5 . Silhouettes of a clustering with k = 2 of the twelve countries data as mentioned in [28] .
As the second example, Fig. 5 shows the silhouettes for the clustering into k = 2 clusters of 12 countries data as mentioned in [28] . Based on Fig. 5 , the first silhouette is higher than the second, because first cluster contains seven objects and the seconds contained only five. Both silhouettes are rather narrow, which indicates a relatively weak clustering structure. The first cluster consists of Western industrialized countries and developing countries. In this cluster, USA possesses the largest s(i) which means that it was classified with the least amount of doubt. The three developing countries (BRA, EGY, ZAI) are listed at the end because they have smaller s(i) value than the four capitalist nations.
The second cluster consists of four communist countries and India. The s(i) values of the Communist countries are comparable with those of the Western countries in cluster 1. However for India, the s(i) = -0.04, and thus this country is an intermediate case lying far from both clusters. Although the clustering algorithm assigns India to cluster 2, one could also make a case that India should belong to cluster 1 because s(i) is even slightly negative; moving it to the other cluster would yield s(i) = +0.04. These two examples were used as references for interpretation of silhouette plots made for the new indices clusters.
RESULTS AND ANALYSIS
Band selection
The 30 reflectance spectra data from T1, T2 and T3 were examined using Mann-Whitney U Test with level of significance 0.05. For the three classes of healthiness, there are three possible class pairs that have been examined. The class pairs are T1 versus T2, T2 versus T3 and T1 versus T3.
Results from Mann-Whitney U Test indicate that there is no significant difference between T1 and T2 in all wavelengths. But there are significant differences between T2 and T3 and T1 and T3 at several ranges of the spectrum as shown in Table 1 . The histogram of frequency of significant difference is shown in Fig 6. The histogram summarizes the results of all possible class pairs and indicates the frequency of class pairs with a statistically significant different reflectance per waveband. Figure 6 summarizes the results of frequency of significant difference per wavelength. The histogram indicates that the significant wavelengths can only discriminate a maximum of two class pairs. The responsive wavelengths are defined by regions with dark shadings shown in Fig.6 . The maximum frequencies of significant difference are located from 460nm to 486.5nm which represents significant difference between T2 and T3 and T1 and T3.
Frequency for 487nm to 494nm shows significant difference only for T2 and T3 while range of 721nm to 869.5nm shows frequency of significant difference between T1 and T3. Fig. 6 . Frequency-plot of statistically significant differences using the Mann Whitney U Test with significance level 0.05 between the reflectance spectra of three classes of oil palm healthiness at every wavelength channel. The spectral signature of T1 is displayed to indicate a typical oil palm reflectance spectrum.
The ranges of best bands that can discriminate between these three classes are shown in Table 1 . These ranges of best bands chosen are based on the wavelengths that have frequency of significance difference larger or equal to one. The result in Table 1 shows that the best bands are located in the blue and infrared band ranges. These results agree with findings by [4] that selected significant bands from the blue range which is 404nm, chlorophyll absorption band at 628nm and near-infrared ridge at 771nm have the capability to discriminate between vegetation types. Table 1 indicates that the blue band is significant in this study as it is known to be sensitive to the chlorophyll content of the vegetation leaves. The reflectance of blue band will increase if the chlorophyll production slows or stops [28] . This indicates that Ganoderma disease affects the chlorophyll contents of the oil palm leaves. Infrared band is known to have sensitive interaction to leaves structure. If the structure of the leaves collapses, the reflectance from infrared band will decrease. The result from Table 1 also shows that the oil palm leaves structure have been affected by Ganoderma disease.
Wavebands from visible and infrared regions were the common wavebands that are used in developing vegetation indices because of their significant changes influenced by the amount of chlorophyll contents and the cells structures of the vegetation leaves [30] . The visible spectrum region is sensitive to the amount of the chlorophyll contents of the vegetations while infrared region is sensitive to the structure of the leaves while the middle infrared region is known to be sensitive to the water content of the vegetations [31] . The visible and infrared showed inverse linear relationship where the relative reflectance from the visible will decrease while the reflectance in infrared range will increase if the vegetation suffers from stress or disease [32] .
Results shown in Table 2 indicate that the significant bands for Ganoderma disease are different from the significant bands used for differentiating vegetation types as proposed by [4] and [12] . The significant bands for this purpose were also different from the significant bands for mangrove species discrimination as proposed by [33] . Figure 7 shows the location of the significant and insignificant bands. The bands were chosen based on the P values of each class pair per wavebands. The significant bands were chosen based on the lowest P values per wavelength and the insignificant bands were chosen based on the highest P values per wavelength. Fig.7 indicates that the P values for T1 versus T2 are all above 0.05. Therefore, the wavelength that has lowest P value of T1 versus T2 from the significant spectrum regions as stated in Table 1 were taken to assist the lowest P value from T2 versus T3 and T1 versus T3 from the same spectrum region to determine the significant bands. While for determination of the insignificant bands, the wavelength that have highest P value were identified from T1 versus T2 to assist P value from T2 versus T3 and T1 versus T3 from the same spectrum region. This result shows that the significant bands for different vegetation types are different. These findings also improve the work done by [5] by proving that there are several significant bands identified that are able to discriminate oil palms based on their healthiness class that are influenced by the biophysical and chemical characteristics of the oil palm leaves. However, reflectance spectra data still cannot discriminate between healthy (T1) and mild symptom of Ganoderma disease in oil palm (T2) effectively. The significant and insignificant bands can be used further to develop indices that might differentiate T1 and T2 more effectively.
Indices development
New indices introduced in this study are known as A1, A2, B1, B2, C1, C2, D1, D2, NDVI a, IPVI a, and TVI a. From the information shown in Table 2 , eight different reflectance based indices were generated using band ratio method and coded with A1 and A2 for 460 -486.5nm, B1 and B2 for 487 -494nm and C1 and C2 for 721 -869.5nm, which are focused on certain regions of the spectrum. There are also D1 and D2 indices with the input selected from the full range of electromagnetic spectrum in use. All the new reflectance indices are shown in Table 3 . For assessment of the new indices, available default indices that use 670 nm, 800nm [34] and indices modified by [15] that use 705nm and 750nm were used to be compared with the new indices output. The OIF results from Table 4 show that the best combinations of bands are 610.5 and 738 nm because the OIF value is the highest compared to other band combinations. The default combinations that are usually being used as vegetation features extraction give lower values of OIF, but compared to other possible band combinations, 670 nm and 800 nm are still better for vegetation analysis using reflectance spectra. Results obtained from Table 3 and 4 are in agreement as combinations of 610.5nm and 738nm give more information about the T1, T2 and T3 dissimilarity. The combinations of 610.5nm and 738nm were also used for modifying indices. Table 5 shows the algorithm for indices that have been modified with NIR refers to near infrared and R is red band. The default wavelengths input for the default indices is 800 nm for NIR and 670nm for R. In this paper, the modified indices were coded as NDVI a, IPVI a, and TVI a. Then K means clustering was used to cluster the indices values into three possible classes.
Clustering
For visual interpretation of separability between these indices, K means clustering were used to cluster the index values and determine the centroid of the cluster generated. For input, three sets of the indices values from each classes as shown in Table 3 were analyzed and then the number of desired cluster were set to 3 while the number of iteration were set to 5 as default. For analyzing the K means output visually, the assessment on how well the clusters were separated was analyzed using silhouette plot. 
Cluster validation
Based on Table 6 and Fig.8 , all the ASW values are more than 0.5. This means that the data are well clustered in probability of three clusters and the ASW values were then arranged based on ranks to choose the best indices. The ranking was done based on the value generated by the ASW formulae in Eq. (3). The top rank is given to the index with the highest ASW value and vice versa. ASW values those are larger than 0.5 indicate good clustering. Rank 1 represents the best index which is D2 index and decreases thorough the column. Based on Table 6 , the best index that can cluster the index values for T1, T2 and T3 is D2 followed by TVI a. D2 index is the best because the ASW value is 0.6441. NDVI a has the same ASW value as IPVI a in third place, while A1 gets the fifth place and then the other indices based on descending ranks are NDVI [15] , IPVI [15] , TVI [15] , D1, Default TVI, Default NDVI, Default IPVI, C2, C1, A2, B2 and B1. Table 6 shows that NDVI with combination of 610.5nm and 738nm is better to differentiate between different levels of Ganoderma disease in oil palm trees than NDVI using 705nm and 750nm wavelengths as proposed by [15] . The lowest is B1 index with ASW value of 0.5403. B1 value still shows good clustering effort of the three clusters but the ASW value is the lowest compared to the other indices values. Table 6 shows the ASW values from the highest to lowest. All the indices have ASW value larger than 0.5 and nine of them from D2 to D1 have values larger than 0.6 which indicate good clustering into three classes. This means that the three classes of disease infection levels are separable and early detection of Ganoderma using hyperspectral reflectance is feasible. Figure 8 shows the silhouette plots for each of the indices. In the plots, the silhouettes of the different clusters are displayed below each other. This manner of display enable the entire clustering to be displayed by means of a single plot, which enable us to distinguish 'clear cut' clusters from 'weak' ones [28] . Fig. 8 shows the silhouettes for the clustering into k = 3 clusters of 90 indices values data from three classes of oil palm healthiness.
The y-axis of the plot represents each of the 90 silhouette values for each of the index value by means of its three character level which is class 1, 2 and 3. The x-axis represents the silhouette values scales. Red silhouette regions represent the highest silhouette value in a cluster while the blue silhouette regions represent the silhouette values that exceed the threshold of 0.5 for good clustering. The grey silhouette regions represent the silhouette values that below than 0.5 and 0.2.
From the plots, the indices values of each class are clustered in the possible three existing clusters because there are no negative values between the clusters except for C1 index where there are some negative values in cluster 2 and 3 meaning that there are some outliers between those clusters. This negative value also indicates that some of the values are an intermediate case lying far from cluster 2 and 3. The negative value indicates that some of the index values can be in either both clusters 2 or 3.
The narrow width of cluster 2 and 3 of C1 index also indicate that they are relatively weak clustering structure. On the other hand, cluster 1, which has wider silhouette width, suggests that it has a strong clustering structure. This concept is applicable for all the plots in Fig.8 For D2 index, the ASW values are the highest compared to all other indices. The silhouette plot for D2 index in Fig.8 shows that cluster 2 has the narrowest silhouette width above 0.5 compared to cluster 1 and 3. This indicates that clustering for class 2 did not contains many index values due to value similarities that D2 index has with T1, T2 and T3. Fig.8 also indicates that there are no plots that have a well balanced of silhouette width for all the possible three clusters. This is due to the values of the healthy and mild symptom of Ganoderma disease that not very distinctively separable but have some mixture of reflectance values as mentioned in Fig. 3 earlier.
These findings indicate that although D2 index can be assumed to be the best index to discriminate between the three classes based on the ASW value, one should never merely accept the ASW at its face value, but also look at the graphical output itself to find what caused it [28] . The first silhouette bars in all three clusters in D2 index plot that are highlighted by red bar have values above than 0.6 and slightly exceed 0.8. This indicates that at least one of the index values from each cluster was classified with the least amount of doubt. Thus, they are perfectly suited for the assigned cluster.
D2 index silhouette plot that highlighted by blue colour also shows that majority of silhouette bars are above the acceptable threshold of good clustering (0.5) which indicates that majority of the D2 indices values are separable for the three classes that allow the discrimination of the three classes. Only few silhouette bars of each cluster have values below than 0.5 which are highlighted by grey colour. The majority of silhouette values above 0.5 had made D2 index acceptable in discriminating the three classes based on the ASW and the structure of silhouette bars for each data in each cluster. The grey silhouette bars indicate that there are small ambiguities that come from overlapping values of reflectance spectra of the three classes.
This study has contributed to the development of new indices that can be used to discriminate between healthy and two levels of Ganoderma infection in oil palm trees. Band selection results show that the significant bands can only discriminate between T2 and T3 and T1 and T3 classes statistically. The significant and insignificant bands are located in the blue and infrared electromagnetic regions and these bands were then used for creating and modifying vegetation indices. By using OIF, band combinations of 610.5nm and 738nm are the best that can give unique information about the three classes because of low correlation coefficient and high OIF values. Results from ASW plot that exceed 0.6 are for A1, D1, D2, NDVI a, IPVI a and TVI a and the best index is D2 with ASW value of 0.6441. These results satisfy the results obtained from OIF analysis. With the ability of the indices to cluster the three classes with an acceptable threshold, early detection of Ganoderma disease in oil palm is feasible by using hyperspectral technique. For further development, the indices can be applied to airborne hyperspectral mapping for large scale Ganoderma disease detection.
